We use Bayesian methods with a weights of evidence approach to model the probability of land use change over the Western part of Switzerland. This first model is followed by a cellular automata model for spatial allocation of land use classes. Our results extend and enhance current land use scenarios studies by applying Dinamica Environment for Geoprocessing Objects (Dinamica EG) to a study area comprising of the upper Rhone river basin in the Cantons of Vaud and Valais. In order to take into account the topography, we divide the study area into four regions, based on their altitude and administrative region. We show that the different regions are affected in differing ways by the same driving forces. We analyse possible outcomes in land use change in 2050 for three different scenarios: "business as usual", "liberalisation" and a "lowered agriculture production". The "business-as-usual" scenario results indicate a decrease in agriculture, mostly in extensive agriculture, with a share in the total area of 12. Gains in open land habitat with the increase of the share of extensive agriculture area under the "lowered agricultural production" scenario are expected to increase by 3.2% in 2050, while the share of intensive agriculture area is expected to decrease by 5.6%.
Introduction
The land use/cover change field of research is equally concerned with modelling changes, as well as creating plausible scenarios, and has been broadly discussed and recognized in the context of global and regional change [1] [2] [3] [4] [5] . In general, different studies have demonstrated the importance of understanding and modelling the land use/cover change, to assess soil erosion and instability [6, 7] , to estimate carbon emissions from deforestation and forest degradation [8, 9] , to model water quality and quantity [10] [11] [12] , to predict species habitat [13] [14] [15] , and on the intensity and size of wildfires [16] .
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Land Use and Drivers of Land Use Change
The land use (LU) datasets used in this study were obtained from the Swiss Federal Statistics Office (SFSO) and are comprised of three sequential datasets for the periods 1979 to 1985, 1992 to 1997, and 2004 to 2009 , with a spatial resolution of 100 m. The last year of the three sequential datasets was taken as the reference year and the datasets are designated as 1985, 1997, and 2009 . The land use nomenclature used by the SFSO was selected with the aim of efficiently retaining both land use and land cover, according to the observation made in six regions [37] . For this study the original categories were aggregated into 14 classes, as shown in Table 1 . The "glaciers and permanent snow" land use category was not used by the SFSO in the 1985 dataset and, for this reason, only the 1997 and 2009 datasets were selected to calibrate the model.
The drivers of land use change were chosen based on previous studies [17, 23, 34, 38] . For this study, local factors, such as climate, topography, distance variables, and agriculture regions, were used as drivers of land use change. Drivers of land use change are summarized in Table 2 . In addition we use the multiscale analysis of the terrain rugosity (terrain roughness index) [39] , density of habitation buildings within a neighbourhood of 2 ha, obtained from the 1990 and 2000 census , the Euclidean distance from lakes and rivers, and road density (within 1 ha). In addition, the dynamic distances to the transition outcome are calculated automatically for each time step by Dinamica EGO. Distance from observed changes in the landscape as well as the Euclidean distances from highway accesses, were also used as variables of land use change in Vaud and Valais below 900 m a.s.l.. Furthermore, the agriculture zones defined by the Federal Office for Agriculture [40] that are subject to financial support from the government were also used. 
The land use (LU) datasets used in this study were obtained from the Swiss Federal Statistics Office (SFSO) and are comprised of three sequential datasets for the periods 1979 to 1985, 1992 to 1997, and 2004 to 2009, with a spatial resolution of 100 m. The last year of the three sequential datasets was taken as the reference year and the datasets are designated as 1985, 1997, and 2009 . The land use nomenclature used by the SFSO was selected with the aim of efficiently retaining both land use and land cover, according to the observation made in six regions [37] . For this study the original categories were aggregated into 14 classes, as shown in Table 1 . The "glaciers and permanent snow" land use category was not used by the SFSO in the 1985 dataset and, for this reason, only the 1997 and 2009 datasets were selected to calibrate the model.
Modelling Approach
We use Dinamica EGO (Version 2.2.6) with statistical inference and a Cellular Automata allocation algorithm. Dinamica EGO requires the creation of one model that will be used in both calibration and simulation. The land use/cover change simulation in Dinamica EGO can be divided into a series of distinct steps: estimation of the annual transition rates for each land use change, quantification of land transition probability based on the WoE method, spatial allocation of land use changes, calibration, and validation. Figure 2 illustrates the workflow process for land use/cover change modelling with Dinamica EGO. The first step in the model calibration is the estimation of the annual transition rates, obtained by the calculation of a cross-tabulation between the two land use datasets, resulting in the percentage change for each land use transition to be applied for each time step [8] . The total of 100 cells (100 ha) was estimated as the minimum change needed to obtain an accurate correlation and causation between change and driving forces; therefore, transitions with less than 100 cells were not modelled.
Then, the spatial probability of land use change occurrence based on a set of driving forces is obtained by the weight of evidence (WoE) method. The WoE is a statistical inference method, that applies claims of risk that result from interpretative methods of risk assessment [38] to estimate the transition potential, based on a set of "evidence" variables. Applied to land use change, the method calculates the weight for each land use driver based on the presence or absence of each land use change. WoE only applies to categorical data. Consequently, the drivers of land use change must be transformed from continuous image data to categorized image data. This transformation is done with a method first developed by Agterberg and Bohan Carter (1990) (cited in [23] ) and adapted by [23] , preserving the data structure of the imagery. The WoE method has been used as a replacement for descriptive static methods, like logistic regression. The two methods differ in the way the relationship between the probability of land use change and the drivers is modelled. The logistic regression assumes that the relationship between the land use change and the drivers is a logistic function, however, this relationship has been proven to be too generalist [41] [42] [43] , while the WoE is more flexibility in modelling the relationship between the probability of change and the drivers, which is calculated independently [8] . For this reason all driving forces must be spatially independent. A set of correlation tests measuring Cramer's coefficients, contingency coefficient, and joint information uncertainty can be applied to assess the existence of spatial correlation (for a full description of the methodology see [23] ). The WoE method assigns weights for each land use driver category [44] . A positive weight indicates that a certain range of values is present at the land use change locations and the magnitude of this weight is an indication of the positive correlation between the presence of the range of values and the land use change. A negative weight indicates the absence of land use change and shows the level of negative correlation. The difference between the two weights is known as the weight contrast, and is a measurement of the spatial association or relation for each land use change [44] . The spatial probability for each land use change is then obtained by summing up the WoE of each driving force. Dynamic drivers of land use change can be added to the WoE, such as distance to The first step in the model calibration is the estimation of the annual transition rates, obtained by the calculation of a cross-tabulation between the two land use datasets, resulting in the percentage change for each land use transition to be applied for each time step [8] . The total of 100 cells (100 ha) was estimated as the minimum change needed to obtain an accurate correlation and causation between change and driving forces; therefore, transitions with less than 100 cells were not modelled.
Then, the spatial probability of land use change occurrence based on a set of driving forces is obtained by the weight of evidence (WoE) method. The WoE is a statistical inference method, that applies claims of risk that result from interpretative methods of risk assessment [38] to estimate the transition potential, based on a set of "evidence" variables. Applied to land use change, the method calculates the weight for each land use driver based on the presence or absence of each land use change. WoE only applies to categorical data. Consequently, the drivers of land use change must be transformed from continuous image data to categorized image data. This transformation is done with a method first developed by Agterberg and Bohan Carter (1990) (cited in [23] ) and adapted by [23] , preserving the data structure of the imagery. The WoE method has been used as a replacement for descriptive static methods, like logistic regression. The two methods differ in the way the relationship between the probability of land use change and the drivers is modelled. The logistic regression assumes that the relationship between the land use change and the drivers is a logistic function, however, this relationship has been proven to be too generalist [41] [42] [43] , while the WoE is more flexibility in modelling the relationship between the probability of change and the drivers, which is calculated independently [8] . For this reason all driving forces must be spatially independent. A set of correlation tests measuring Cramer's coefficients, contingency coefficient, and joint information uncertainty can be applied to assess the existence of spatial correlation (for a full description of the methodology see [23] ). The WoE method assigns weights for each land use driver category [44] . A positive weight indicates that a certain range of values is present at the land use change locations and the magnitude of this weight is an indication of the positive correlation between the presence of the range of values and the land use change. A negative weight indicates the absence of land use change and shows the level of negative correlation. The difference between the two weights is known as the weight contrast, and is a measurement of the spatial association or relation for each land use change [44] . The spatial probability for each land use change is then obtained by summing up the WoE of each driving force. Dynamic drivers of land use change can be added to the WoE, such as distance to a specific land use type. For each time-step the dynamic distances are updated, the WoE is calculated and the spatial probability updated. The land use changes are then allocated using a cellular automata model, where each land use cell changes between categories according to the annual transition rates, their spatial probability (WoE), and transitions rules [23] . The implementation of the transition rules is made by means of two complementary rules: Expander and Patcher.
They divide the behaviour of the observed change of a certain type of land use, into expansion or regression of existing groups of land use cells (patches), and the creation of new independent patches [23] . These rules evolve for a number of time steps specified by the user for each land use category. First the Expander rule is applied, allowing both the expansion as well as the contraction, of previous patches to their nearest neighbour cells [9, 21] . The remaining cells are then allocated to new independent patches using the Patcher rule. The proportion of the change demand that is allocated by the Expander rule and transferred to the Patcher rule is defined by the user [23] . In this study the estimation of the amount of land use change to be allocated by both rules was performed using a custom landscape change analysis script created using the ArcPy Python library. First a cross-tabulation raster between the initial and the final land use maps is calculated for each land use transition, followed by the calculation of the total number of cells in new patches and the number of cells in newly-created patches that share a line segment with previous existing land use patches. The later percentage is attributed to the Expander rule, and the remaining to the Patcher rule. In each time step, for each land use change, both rules first arrange cells with the highest spatial probability of change (obtained with the WoE method) in a data array and then selects transition cells from the top to the bottom of the array to be allocated. The length of the array is determined by the annual transition rates and the percentage attributed to the rule. The control of the geometry the land use patches is made by estimating their mean, standard deviation, and isometry [23] . Both mean and standard deviation values are not applied directly to create new patches, but to define a lognormal probability distribution. From the lognormal probability distribution random values for both mean and standard deviation are then extracted and applied to create new patches [8, 23] . The geometry analysis was made using the Species Distribution Modelling Tools (SDMTools) [33] in R. The outputs from the landscape change analysis script were loaded into R and the ClassStat function was used to calculate the mean, standard deviation, and shape index for each land use change transition. Additionally, in both Expander and Patcher rules, the neighbourhood search window can be modified as well as the stochastic effect. The neighbourhood search window controls how diffuse the patches will be created [23] . While the stochastic behaviour is controlled by the prune factor. With a prune factor of one the model becomes deterministic, increasing the value of the prune factor, allows the rule to increase the number of cells to be allocated randomly instead of selecting the cells based on their spatial probabilities [23] .
The calibration of the model was made by adjusting the following parameters: the proportion of the change demand that is allocated by the Expander rule and transferred to the Patcher rule, mean and standard deviation of the patch area and the neighbourhood search window. The models with the closest agreement between modelled land use and the final land use map were kept for validation. This selection was obtained from the analysis of the cross-tabulation between both maps calculated in R.
The selection of the best model for each region was made by means of the fuzzy similarity comparison test. Fuzzy similarity is a multi-resolution validation technique that derives the overall similarity using two types of membership: no fuzziness and fuzziness of location, within a neighbourhood value [9, 45] . The technique verifies the agreement between the observed and the simulated land use/cover datasets by obtaining the number of coincident cells within increasing window sizes of a neighbourhood [23, 46] by means of a fuzzy neighbourhood vector.
Scenarios of Land Use Change
The scenarios used to simulate the future (2050) include "business-as-usual" (BAU) as well as the same scenarios proposed by Bolliger et al. [13] : "liberalization" (LIB) and "lowered agricultural production" (LAP). The BAU scenario assumes future rates and patterns of land use change will be the same as those observed in the past. The LIB and LAP scenarios were identified as plausible projections of future agriculture scenarios for Switzerland. In the LIB scenario we assume that agriculture will no longer be subsidized by the state resulting in the abandonment of intensive and extensive agriculture. The LAP scenario is characterized by strong state support for extensive agriculture, resulting in the conversion from intensive to extensive farming. Both LIB and LAP scenarios are divided into two altitude bands; at high altitudes (above 900 m a.s.l.), the LIB scenario is characterised by the abandonment of agriculture (both intensive and extensive) with an increase of the forest cover, whereas at low altitudes (below 900 m a.s.l.) the scenario is characterised by the conversion from extensive to intensive agriculture. On the other hand, the LAP scenario is characterised by a strong conversion from intensive to extensive with higher rates above 900 m a.s.l., as well as the increase of forest (derived from the increase of shrubland and open forest) with similar but moderate changes above and below 900 m a.s.l. Table 3 Above 900 m a.s.l.
Below 900 m a.s.l.
Above 900 m a.s.l.
The quantification of land use change for the BAU scenario is based on the observed changes between 1997 and 2009. BAU is obtained directly from the observed yearly rate of change in a 12-year period, applied as the yearly rate of change for a 41-year period (between 2009 and 2050). The quantification of both LAP and LIB scenarios were based on the observed yearly rates of change between 1997 and 2009, and by taking into consideration the definition and magnitude of change described by Bolliger et al. [13] for the transitions between forest, open forest, shrubland, and intensive and extensive agriculture. Other transitions observed in the past but not modelled by Bolliger et al. [13] were kept with the same rate of change as the one observed between 1997 and 2009. Changes in the glaciers and permanent snow category were estimated from the observed changes between 1997 and 2009, showing that the glacier areas have been reduced by 12% (from 77,000 ha to 67,591 ha) in the study area. This linear trend of reduction was applied in all scenarios; no further modelling was done regarding volume or density. According to the OcCC report [47] , a low development of new urban areas, and a low increase of existing urban areas, is expected. The assumption of the growth of the urban fabric to remain equal as observed between 1997 and 2009 would result in an increase of 49% (VD_R1) and 43% (VS_R1) by 2050. As a result, the scenarios are implemented by assuming that the change in urban fabric will be 50% of that observed between 1997 and 2009. The translation of a decrease and increase of state support towards agriculture was implemented with the help of the agriculture zones defined by the Federal Office for Agriculture that are subject to financial support from the government. Agriculture zones classified as "summer grazing areas", "mountain zone IV", and "mountain zone III" were implemented in the WoE, by giving less or lower WoE coefficients according to the economic scenario. In addition, the expected 2 • C increase of the mean observed temperature by 2050 [47] was implemented by increasing the mean annual temperature raster by 2 • C.
Results

Model Calibration
The calibration of each model was executed for a time span of 12 years from 1997 to 2009. First, we determine the number of transitions being modelled in addition to the transitions that describe each scenario (Table 3) . For this study we selected to model 15, 11, 15 and 17 transitions for VD_R1, VS_R1, VD_R2, and VS_R2, respectively (Tables S1-S4 ). The second step is to study how each variable can impact the changes in the landscape we compared to the distribution of the driving forces in each region (Tables S1-S4 ). Figure 3 shows the results obtained with different driving forces, for the transitions open forest to forest and intensive agriculture to open forest, in the form of violin plots. Significant differences are observed in the frequency distributions of the driving forces for each region, except for the mean annual temperature, which shows similarities between regions at the same altitude range. This finding implies that transitions are influenced by different ranges of the driving forces in each region. The continentality index distribution has similar median values for the regions with the same canton, while the range of values varies between each region belonging to the same canton. While both mean annual precipitation values show considerable variation in each region, the mean annual temperature has similar results for regions in the same elevation band. This finding implies that the separation of the study area into four regions according to an elevation threshold of 900 m a.s.l. and the administrative region (cantons of Vaud and Valais), will allow the development of better land use models.
During the process of calibration, statistically insignificant WoE coefficients from each transition were modified manually [48] , based on the low amount of change in certain driving forces ranges of values ( Figure S1 ). The influence of the different driving forces in each region can be observed in the WoE. For example, the results obtained for relationship between the mean annual precipitation and the transition from shrubland to open forest for three regions show that shrubland experiencing a mean annual precipitation of less than 500 mm in VS_R1 is more prone to change than open forest. In regions VD_R2 and VS_R2, shrubland in areas with a mean annual precipitation between 500 mm and 1500 mm is less prone to change to open forest. In addition, for regions VD_R2 and VS_R2 the contrast (difference between the high and low WoE values for the mean annual precipitation) has a strong effect on the transition ( Figure S2) .
Finally, the correlation between the variables and each land use transition change was tested by means of the Cramer's coefficient. The results obtained for each region for all land use transitions modelled are less than 0.5, therefore, no variables were discarded [21] .
Different settings were tested when calibrating each model and the final parameters used were a 9 × 9 neighbour window and a prune factor of 1. The most influential drivers change in each region (Tables S1-S4 ). Bellow 900 m a.s.l., habitation buildings density (POP) and terrain roughness index (TRI) are the most important drivers in VD_R1. Topographic position index (TOPO) and the Euclidean distance to rivers and lakes (DistHydro) were the drivers excluded more often due to the lack of influence over the studied transitions. In VS_R1, the slope angle (SLOPE) is the driver with the highest influence, and the mean annual temperature (TEMP) was the driver excluded more often. Both mean annual solar radiation (MSRAD) and mean annual moisture index (MMIND) showed influence over all of the modelled transitions for both regions. Furthermore, in VS_R1 some transitions have multiple drivers with strong influence. Above 900 m a.s.l., Euclidean distance to rivers and lakes (DistHydro), slope angle (SLOPE), and height above sea level (ELEVATION) are the most influential drivers in VD_R2, while site water balance (SWB) showed the weakest influence over the transitions studied. The slope angle (SLOPE) showed the highest influence over the studied transitions in VS_R2. For both regions above 900 m a.s.l., mean annual temperature (TEMP) showed almost no influence on the transition between intensive and extensive agriculture. The Euclidean distance to rivers and lakes (DistHydro) showed no influence in most of the transitions in VS_R2, while, in VD_R2 it is one of the most influential drivers. Like VS_R1, above 900 m a.s.l., in RS_R2, some transitions have multiple drivers with strong influence. Although mean annual temperature (TEMP) and mean annual precipitation (PCP) are not the most significant drivers over the four regions, they both have some influence. In general, mean annual precipitation The most influential drivers change in each region (Tables S1-S4 ). Bellow 900 m a.s.l., habitation buildings density (POP) and terrain roughness index (TRI) are the most important drivers in VD_R1. Topographic position index (TOPO) and the Euclidean distance to rivers and lakes (DistHydro) were the drivers excluded more often due to the lack of influence over the studied transitions. In VS_R1, the slope angle (SLOPE) is the driver with the highest influence, and the mean annual temperature (TEMP) was the driver excluded more often. Both mean annual solar radiation (MSRAD) and mean annual moisture index (MMIND) showed influence over all of the modelled transitions for both regions. Furthermore, in VS_R1 some transitions have multiple drivers with strong influence. Above 900 m a.s.l., Euclidean distance to rivers and lakes (DistHydro), slope angle (SLOPE), and height above sea level (ELEVATION) are the most influential drivers in VD_R2, while site water balance (SWB) showed the weakest influence over the transitions studied. The slope angle (SLOPE) showed the highest influence over the studied transitions in VS_R2. For both regions above 900 m a.s.l., mean annual temperature (TEMP) showed almost no influence on the transition between intensive and extensive agriculture. The Euclidean distance to rivers and lakes (DistHydro) showed no influence in most of the transitions in VS_R2, while, in VD_R2 it is one of the most influential drivers. Like VS_R1, above 900 m a.s.l., in RS_R2, some transitions have multiple drivers with strong influence. Although mean annual temperature (TEMP) and mean annual precipitation (PCP) are not the most significant drivers over the four regions, they both have some influence. In general, mean annual precipitation (PCP) seems to be a more influential driver. Finally, we observe that glaciers and permanent snow have mean annual solar radiation (MSRAD) and slope angle (SLOPE) has the strongest drivers in VD_R2, with slope angle (SLOPE) and height above sea level (ELEVATION) in VS_R2.
The model performance for each region was assessed based on the fuzzy similarity measurement applied from a pixel-by-pixel to an 11 × 11 neighbourhood window ( Table 4 ). The minimum similarity fuzzy index obtained for the best models varied from 32% to 45% at a spatial resolution of 1 ha, while at a spatial resolution of 11 ha, the index varies from 54% to 77%. These results indicate that 32% to 45% of the change pixels coincide in both land use maps in a cell-by-cell overlay. At a 1.1 km size window the models reached a similarity between 54% and 77%, meaning that the spatial pattern within a 1.1 km size window have a spatial agreement of 54% in VS_R1 and 77% in VD_R2. According to [23] and similar studies [49] [50] [51] , for the resolution and number of transitions being modelled, the obtained values for the minimum similarity fuzzy index suggest that the models are good and can be used in the simulation of land use change scenarios. The comparison of the area allocated by the model as well as the number of patches created, shows slight differences between the model and the real dataset (Table 4 ). These differences are derived from the fact that the yearly amount of change is obtained by the annual transition rates applied iteratively to the land use map [43] and can be observed in the different land use changes. Table 5 depicts a sample of land use transitions modelled for VD_R2, where the small variations can be observed, meaning that the amount of extensive agriculture to change to intensive agriculture in 2009 was obtained from applying the annual transition rates to the 2008 land use map, since the area occupied by extensive agriculture during the time steps evolves due to the interaction with other land uses, as does the area allocated to intensive agriculture. 
Future Scenarios of Land Use Change
Here we present the results obtained for the three scenarios, each modelled annually for the 41 years from 2009 to 2050 (Figure 4) . Projections of future scenarios of land use change are discussed below. The results of the BAU scenarios in 2050 reflect the long-term effect of the observed changes in the past. Overall, the area occupied by forest, shrubland, and urban have a positive trend ( Figure 4 and Table 6 ). In VD_R1 shows a high increase of shrubland (Table 7) mainly caused by the abandonment and fragmentation of extensive agriculture, with an increase in the number of patches and decreasing mean patch size ( Figure 5 and Table 8 ). In VS_R1, the increase of closed forest and extensive agriculture was accompanied by the decrease of open forest, permanent crops, intensive agriculture and shrubland (Table 7 and Figure 5 ). We also observe a reduction of the number of The results of the BAU scenarios in 2050 reflect the long-term effect of the observed changes in the past. Overall, the area occupied by forest, shrubland, and urban have a positive trend ( Figure 4 and Table 6 ). In VD_R1 shows a high increase of shrubland (Table 7) mainly caused by the abandonment and fragmentation of extensive agriculture, with an increase in the number of patches and decreasing mean patch size ( Figure 5 and Table 8 ). In VS_R1, the increase of closed forest and extensive agriculture was accompanied by the decrease of open forest, permanent crops, intensive agriculture and shrubland (Table 7 and Figure 5 ). We also observe a reduction of the number of patches for all landscapes with an increase of the mean patch size for the majority of the land use, resulting in a less fragmented landscape (Table 9 ). Both VD_R2 and VS_R2 regions show similar changes, with the increase in area of closed forest and open forest, due to the loss of agriculture (intensive and extensive) and shrubland ( Figures 6 and 7, Table 7 ). The LAP scenario is the most similar to the BAU scenario. Nonetheless, with higher rates of change for the loss of intensive agriculture and opposite trends for the extensive agriculture. Overall the LAP scenario results in the increase of forest (closed and open forest) and extensive agriculture, due to the loss of permanent crops and intensive agriculture ( Table 7 , Figures 5 and 6 ). In comparison to the BAU scenario, the LAP scenario results in proportionally greater changes in the landscape, with~5% decrease of intensive and~7% increase of extensive agriculture area (Table 6) . A closer look at the regional level reveals a different trend from the one observed in the BAU scenario, with the most noticeable change in the landscape occurring in VD_R1, with the reduction in the area occupied by intensive agriculture from 38.9% to 21.8% (Table 7) . Under the LAP scenario, we observe an increase of closed forest and a high increase of both extensive agriculture and shrubland in VD_R1 (Table 7) . VS_R1 shows similar results for the amount of change and landscape fragmentation as in the BAU scenario. The LAP scenario applied to VD_R2 and VS_R2 results in the loss of intensive agriculture (Table 7) , mostly to extensive agriculture ( Figure 6 ). An increase of~5% and~6% of the area occupied by extensive agriculture was observed. Additionally, a decrease in the number of patches is observed, as well as the increase in the mean patch area and standard deviation, with the highest increase observed in VD_R2 (Table 10 ).
The LIB scenario is characterised by the abandonment of agriculture (both intensive and extensive) with an increase of the forest cover above 900 m a.s.l., and below 900 m a.s.l. the scenario is characterised by the conversion from extensive to intensive agriculture. The results obtained for the complete study area show that both closed and open forest grow significantly, from 22.0% in 2009 to 32.0% and from 5.1% to 10.3%, respectively (Table 6 ). While the presence of extensive agriculture decreases from 12.3% in 2009 to 2.0% in 2050 (Table 6 ). At regional levels below 900 m a.s.l., in contrast to the BAU scenario, the abandonment of extensive agriculture is mostly due to the conversion to intensive agriculture (Figures 4 and 5) . In VD_R1, we observed a decrease of the number of patches for intensive agriculture, along with the increase of both the mean patch size and standard deviation; mostly due to the transition of 80% from extensive agriculture into intensive agriculture (Table 8 and Figure 5 ). Above 900 m a.s.l. the LIB scenario results in the high increase of forest area (Figures 6 and 7 , Table 7 ). Almost all agriculture above 900 m a.s.l. will be converted into closed and open forest by 2050 ( Figure 6) . Closed and open forest increases significantly in VD_R2 and VS_R2, in comparison to the area observed in 2009 (Table 7 ). In addition to the growth in the area of both closed and open forest, the number of patches decreases and the mean patch size increase, resulting in the conversion of large patches of closed and open forest (Tables 10 and 11 ). The increase of forest is accompanied by the loss of intensive and extensive agriculture ( Figure 6 ). Urban was modelled with the same amount of change in all scenarios, for each region. In VD_R1, the increase of urban area results mostly from the loss of open forest and permanent crops. In VS_R1, permanent crops and intensive agriculture area are transformed into urban area. Above 900 m a.s.l. urban area increases at the cost of intensive agriculture. Although the three scenarios are models with the same amount of change, we observe some variation on the area allocated across scenarios for the same regions (Table 7 ). These differences are derived from the fact that the yearly amount of change is obtained by the annual transition rates applied iteratively to the land use map [43] , meaning that the amount of intensive agriculture to change to urban area in 2050 was obtained from applying the annual transition rates to the 2049 land use map, since the area occupied by intensive agriculture during the time steps evolves at different rates between scenarios, so does the area allocated to urbanization.
The total area lost by the Glaciers and permanent snow represents ~40% of the area obtain in 2009 (Table 6 and Figure 7 ), equivalent to 130 ha in VD_R2 and 26,235 ha in VS_R2. Glaciers and permanent snow modelled in this study show an increase of fragmentation mostly in VS_R2 (Tables  10 and 11) , with small variations between scenarios in the patch geometry. These small variations are derived from how the patch geometry is defined in both Expander and Patcher allocation rules. In contrast to the urban land use, the area allocated in each scenario for the glaciers and permanent snow is the same (Table 7) between scenarios. The differences between these two land uses is the fact that glaciers and permanent snow does not gain area from other land uses, meaning that they evolve at the same rate year after year.
Discussion and Conclusions
This study generates scenarios of land use change in a mountainous region of Switzerland using Dinamica EGO software. Our results showed that key important drivers for explaining the transition between a given set of land use classes varies across the regions (Tables S1-S4) , however the relative importance of slope within each region was observed. Our results show that both mean temperature Urban was modelled with the same amount of change in all scenarios, for each region. In VD_R1, the increase of urban area results mostly from the loss of open forest and permanent crops. In VS_R1, permanent crops and intensive agriculture area are transformed into urban area. Above 900 m a.s.l. urban area increases at the cost of intensive agriculture. Although the three scenarios are models with the same amount of change, we observe some variation on the area allocated across scenarios for the same regions (Table 7 ). These differences are derived from the fact that the yearly amount of change is obtained by the annual transition rates applied iteratively to the land use map [43] , meaning that the amount of intensive agriculture to change to urban area in 2050 was obtained from applying the annual transition rates to the 2049 land use map, since the area occupied by intensive agriculture during the time steps evolves at different rates between scenarios, so does the area allocated to urbanization.
The total area lost by the Glaciers and permanent snow represents~40% of the area obtain in 2009 (Table 6 and Figure 7 ), equivalent to 130 ha in VD_R2 and 26,235 ha in VS_R2. Glaciers and permanent snow modelled in this study show an increase of fragmentation mostly in VS_R2 (Tables 10 and 11) , with small variations between scenarios in the patch geometry. These small variations are derived from how the patch geometry is defined in both Expander and Patcher allocation rules. In contrast to the urban land use, the area allocated in each scenario for the glaciers and permanent snow is the same (Table 7) between scenarios. The differences between these two land uses is the fact that glaciers and permanent snow does not gain area from other land uses, meaning that they evolve at the same rate year after year.
This study generates scenarios of land use change in a mountainous region of Switzerland using Dinamica EGO software. Our results showed that key important drivers for explaining the transition between a given set of land use classes varies across the regions (Tables S1-S4) , however the relative importance of slope within each region was observed. Our results show that both mean temperature and precipitation are not the most significant drivers over the four regions, however, they both have some influence. These results indicate the importance of creating regional models in agreement with a previous study [26] .
The results obtained for the different regions in each scenario show significant differences, with the LIB scenario being the one with the highest impact. The BAU scenario results in a considerable change in the landscape across regions, however compared to LAP, which is otherwise similar, these changes have less impact on the landscape. The LAP scenario suggests an increase of the overall proportion of extensive agriculture from 9.0%, in the BAU scenario to 15.5%, in the LAP scenario (Table 6) . Such changes will increase the potential for habitat areas [13] [14] [15] , however, it could accelerate soil erosion, mostly at high altitudes according to previous studies [6, 7] . The marked increase in forest cover from the LIB scenario in association with the glaciers and permanent snow loss of~40%, is expected to decrease the amount of runoff resulting in a clear impact on the quantity and quality of water [11] [12] [13] 52, 53] . According to [16] the increase of forest area along with the increase of temperature, will most probably raise the occurrences of fires in the regions located in Valais. Although the loss of extensive agriculture is also expected to be a threat to animal and plant species [13] [14] [15] , different studies suggest that extensive agriculture abandonment could allow the implementation of landscape planning strategies at lower costs [54, 55] . Although care must be taken when using scenarios due to limitations on the explanatory power of the driving forces [28, 31, 34] , as well as changes in government legislation and land management that impact land use change. However, scenarios of land use/land cover change offer the possibility to evaluate potential impacts and improve planning [2, 5] .
The land use change model applied in this study incorporates a statistical inference method (WoE) and we model multiple land use transitions as compared with previous studies [13, [25] [26] [27] . Nevertheless, several improvements can be implemented. The aggregation of land use categories is still a limitation for modelling due to the amount of information that each driving force can provide to the model. The main challenge remains that of handling the SFSO land use datasets. Each dataset was obtained from aerial surveys, which took approximately 12 years to be completed, although the sequence between datasets was the same for the most part of the territory. A possible improvement would be the replacing of the land use dataset by land use data obtained from satellite imagery [4, 17, 22, 27, 56] . Burgi [28] reported that the different rates of land use change and temporal trajectories should be taken into account and divided into: "constantly slow" and "constantly rapid change"; "accelerating change" and "decelerating change"; "isolated rapid change in the distant past"; and "isolated near rapid change in the near past". Although this type of information is supported by Dinamica EGO, it is extremely difficult to gather and is not consistent with the type of land use dataset available for this study. Finally, the model does not consider climatic variations of precipitation; only the expected 2 • C increase of the mean observed temperature by 2050 [47] was implemented. The expected variations in precipitation and temperature can affect reforestation patterns and dynamics, as well as the glaciers [57] , and should be implemented in future studies.
Supplementary Materials: The following are available online at www.mdpi.com/2220-9964/6/4/115/s1, Figure S1 : WoE for the different values of slope angles (SLOPE) in VS_R2, for the transition between extensive agriculture and open forest., Figure S2 : WoE (y-axis) for the relationship between the mean annual precipitation in mm (x-axis) with the transition from shrubland to open forest, in VS_R1, VD_R2 and VS_R2, Table S1 : Drivers influence over each transition for VD_R1, Table S2 : Drivers influence over each transition for VS_R1, Table S3 : Drivers influence over each transition for VD_R2, Table S4 : Drivers influence over each transition for VS_R2. The land use change scenarios created in this study are available online at https://doi.org/10.6084/m9.figshare.3435380.
sums , Mean annual solar radiation calculated on the basis of monthly values, mean annual moisture index calculated on a monthly basis index and continentality index.
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